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Microplastics have been detected in large numbers around the world. Not only their sheer number threatens ecosys-
tems, their biodiversity, and human health, but risks are also posed by particle characteristics such as size and shape.
However, at the moment their measurement is neither comprehensive nor harmonized, making the data ineligible
for risk assessment. To change this, we propose an image-based workflow, whose six steps are oriented to interna-
tional guidelines and lessons learned from more developed research fields. Best practices for sample preparation,
image acquisition, and digital image processing are reviewed to assure accurate and unbiased particle measure-
ments. On behalf of this, we selected metrics to quantitatively characterize both size and shape. The size of micro-
plastics should be estimated via the maximum Feret’s diameter. Particle shape can be measured via shape descrip-
tors, for which we derive harmonized formulas and interpretation. Roundness, solidity, and elongation were selected
by applying hierarchical agglomerative clustering and correlation analysis. With these three shape descriptors, all
currently charaterizable dimensions of particle shape can be measured. Finally, we present actions for quality control
as well as quality assurance and give recommendations for method documentation and data reporting. By apply-
ing our practical primer, microplastic researchers should be capable of providing informative and comparable data
on particle characteristics. From this improved data, we expect to see great progress in risk assessment, meta-analyses,

Keywords Microplastics, Particle measurement, Static image analysis, Particle size, Particle size distribution, Particle

Introduction
Plastic littering gained tremendous attention in both, sci-
ence and media. In the past decade, a special focus was
laid on plastic particles [1]. If these have a size between 1
to 1000 or 5000 pm in their longest dimension, then they
are called microplastics [2—4].

For this novel entity, mankind is currently operat-
ing outside the planetary boundaries [5]. As a result of
the constant littering and transport of plastic pollution,
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a plastic cycle has been established on a global scale [6].
The worldwide exposure with microplastics negatively
affects biota [7-9], human health [10], and climate [11].
They also possibly influence biogeochemistry [12] as
well as soil properties [13—16]. Furthermore, plastics get
incorporated into new geological formations [17-19].
Even with an immediate halt of plastic littering, it is sus-
pected that the toxicological effects could become even
greater, because the high persistence of plastics has cre-
ated a global plastic toxicity debt [20-22].

But microplastics are not just number concentra-
tions [23], they are also a diverse contaminant suite
[24]. Consequently, two samples comprising of the same
number of microplastics may have totally different eco-
logical impacts [25]. It has already been demonstrated for
a variety of particle characteristics that they are causative
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factors for toxicity [26, 27]. Thus, a comprehensive par-
ticle characterization was recently recommended by two
international groups of experts [28, 29].

Since microplastics are polydisperse by definition [3, 4]
and size has also the highest biological concern to aquatic
organisms [30], it is obvious to measure size by default.
Although particle size measurements appear simple at
first glance, there are many methodological pitfalls. For
example, a lot of studies do not even specify which met-
ric was used to characterize size [31]. And even when
these methodological details are available, different size
metrics are reported, making comparability between
studies very difficult or even impossible in some cases.
Furthermore, the particle size distribution resulting from
the measurement is mostly inadequately visualized [31,
32]. Hence, harmonization and higher reporting stand-
ards are urgently needed.

The same criticism applies to the measurement of par-
ticle shape, which also accounts for the environmental
impact of microplastics [26, 27]. The shape of microplas-
tics is mostly characterized by categories which, however,
differ considerably between studies [33]. Hartmann and
co-workers [4] harmonized them by defining four shape
categories: roundish particles are called spheres, micro-
plastics of irregular shape are now labeled as irregular
particles, particles with a high length-to-diameter ratio
are named fibers and planar plastic items are termed
films. Recently, Liu and co-workers have expanded this
categorization. Based on expert interviews, they pro-
posed nine categories to describe particle shape: fiber,
rod, ellipse, ovoid, sphere, quadrilateral, triangle, free-
form, and unidentifiable [34]. Yet no qualitative shape
categorization can ever characterize the continuum of
particle shape [35]. Hence, shape must be measured
quantitatively. For this particle shape measurements of
microplastics, shape descriptors were previously pro-
posed as the optimal metric [29, 36].

Indeed, size and shape are only two out of many parti-
cle characteristics of microplastics. Nonetheless, both are
important drivers of microplastic toxicity [26, 37]. Con-
sequently, particle characterization needs to provide data
on size and shape of microplastics simultaneously.

Particle measurements are mostly conducted by sieve
fractionation and static image analysis. However, sieve
fractionation is not suitable for a comprehensive char-
acterization of microplastics, as particle shape measure-
ments are not possible with this method and data on size
is often ineligible for risk assessment [32].

Thus, our review is going to be focused only on static
image analysis. One major advantage of this method is
that a microscope is employed. It is the only instrument
that allows the simultaneous observation and measure-
ment of both, size and shape for an individual plastic
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particle [38—40]. Microplastics > 10 um can be character-
ized by light microscopes coupled with Fourier-transform
infrared spectroscopes (FTIR) and Raman spectrometry,
the two most popular techniques for the identification of
environmental microplastics [41]. An in-depth discus-
sion on suitable analytical methods that characterize sub-
micron plastics and nanoplastics is provided elsewhere
[39]. It was often argued that microscopy is not the best
method for particle characterization [39], while laser dif-
fraction is often considered as the gold-standard. None-
theless, static image analysis can be comparably accurate,
if strict quality control and quality assurance measures
have been implemented [42]. Overall, this proves that
static image analysis is a convenient and reliable method
for particle characterization.

Details on materials and methods are often sparsely
reported in case of particle measurements [31]. In some
studies, no particle measurement is even performed
at all. We suspect that the previously mentioned meth-
odological deficiencies are related to the fact that micro-
plastics research is interdisciplinary and, thus, many
scientists simply have not had sufficient training in the
comprehensive characterization of particles. There-
fore, the objective of this review is to teach the basics of
particle measurements by introducing a workflow that
incorporates the following six steps: i) subsampling of
microplastics from the bulk, ii) image acquisition by light
microscopy, iii) processing of digital images, iv) measur-
ing particle size and shape descriptors, v) quality control
and quality assurance, and vi) data reporting (Fig. 1). We
will now provide a practical primer on each step by inte-
grating international guidelines and lessons learned from
powder technology, pharmaceuticals, natural sediments,
and nanomaterials.

Step 1: sample preparation

Before microplastics can be characterized, samples need
to be carefully prepared (Fig. 1). While this step is essen-
tial for the overall quality of the particle measurement
[43], the method is completely different depending on the
type of study.

With effect studies, the bulk of microplastics is stored
in containers or bags. From these, subsamples are then
taken for particle measurement. This is also the typical
method in powder technology, on which this step will be
focused.

In contrast, when environmental matrices are moni-
tored for microplastic pollution, it is common practice to
harvest the extracted particles on special sample holders
for spectroscopic identification. Therefore, many meth-
ods of sample preparation, which are standard in powder
technology, are not integrated into the workflow here.
Nonetheless, also in monitoring studies, the behavior of
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Fig. 1 Workflow for an image-based particle measurement of microplastics. Firstly, at each measuring point a sample is prepared

that is uncontaminated, sufficiently large, and representative. Secondly, high-resolution images are then acquired with a calibrated light microscope
using appropriate settings. Thirdly, digital image processing is employed to completely separate the microplastics from the background.

Fourthly, a multitude of metrics are measured for the characterization of size and shape. Fifthly, the quality of the measurements is controlled

and assured (QA/QC) by checking for any source of bias. Sixthly, frequency distributions and summary statistics of size and shape are reported

in a comprehensive and comparable manner. Created with biorender.com

single microplastics in a particle collective, the specifics
of static image analysis, and the implications of both on
the minimum number of particles are in part relevant to
the accuracy of particle measurement and, consequently,
to sample preparation.

Before we review best practices for sample preparation
of microplastics that are used in effect studies, we would
like to first briefly consider the different mixture types
of polydisperse particle collectives. Then, we summarize
the advantages and disadvantages of common subsam-
pling methods, give recommendations on the minimum
number of particles, implement actions to reduce con-
tamination, and discuss at which stages of a study the
microplastics should be measured (Table 5).

Mixture types of polydisperse particle collectives

Polydisperse particle collectives can be mixed in several
ways. One of the aims of the sample preparation is to
optimize the mixture of the bulk in such a way that all
microplastics have the same probability to be measured.
Only then does the subsample represent the whole mul-
titude of chemical and physical properties of the particles

in the bulk. This is the case for perfect mixtures and ran-
domly distributed microplastics.

In a perfect mixture, particles of any size and shape are
evenly distributed in the bulk. In practice, however, it is
impossible to have this type of mixture [43].

But through careful sample preparation, it is possible to
obtain a random distribution in the bulk. Although the
microplastics are not evenly distributed in this type of
mixture, the probability of being sub-sampled is the same
at any location in the bulk [43]. The prerequisites for this
are that the subsample is sufficiently large and that a pos-
sible segregation of the bulk has been reversed.

When transported and stored, microplastics always
segregate, a phenomenon also known as muesli or Brazil
nut effect. Segregation causes smaller particles to migrate
to the bottom of the bulk, while the larger microplas-
tics are left at the top. The extent of segregation strongly
depends on size, shape and density [43]. The greatest
extent occurs with spherical microplastics larger than
50 pum, whereas irregular microplastics smaller than
30 pum hardly segregate at all. In the case of milled micro-
plastics, which are produced for effect studies, a certain
extent of segregation can be expected, since their particle
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size distribution is very broad and a multitude of shapes
are present in the bulk [44]. Hence, if no actions are taken
against segregation, a non-representative subsample may
be taken.

But even if subsamples are representative, particle meas-
urements can be biased as a result of aggregation [45].

Agglomerates are the result of interactions between
particles. They can be formed during storage and by
touching or overlapping of microplastics at the sample
preparation. The smaller the microplastics, the higher
the potential for aggregation [45]. Since these aggre-
gates do not equal individual microplastics in either
size or shape, the measurement of both characteristics
may be biased.

Subsampling microplastics from a bulk for particle
measurements

Generally, every mixture of microplastics can be rand-
omized by applying an appropriate subsampling method.
For environmental microplastics, subsampling methods
have been extensively reviewed by other authors [46—-49]
and, thus, there is already some degree of harmonization
in monitoring studies. On the contrary, most effect stud-
ies provided only a vague report on the methods used for
subsampling, if any [31]. Therefore, we will only focus on
how to subsample microplastics from a bulk in the fol-
lowing. Note that this method should not be confused
with the preparation of subsamples for ecotoxicity testing
itself [50]. Based on our own experiences, we speculate
that in the case of a particle measurement, researchers
typically use very simple methods for subsampling, e.g.,
scooping.

Although scooping is easy to implement, this method is
very error-prone and comes with many drawbacks [51].
Firstly, only small portions (typically a few milligrams)
and not the whole bulk pass through the sample prepara-
tion [45].

Secondly, because operators decide where to scoop
microplastics in the bulk, particle measurements can be
biased due to an operator error. To reduce the operator
bias in scooping, microplastics should always be mixed
beforehand. Note that shaking and stirring should not be
applied, because this method forces small microplastics
to the bottom. Alternatively, methods from sedimentol-
ogy can be easily adopted to sample microplastics from
the bulk. Here, the gold-standard for the sampling of
polydisperse particle collectives are splitting methods,
e.g., coring and drilling [29]. They minimize segregation,
ideally leading to a random distribution of particles.

No matter which method is chosen for subsampling,
the microplastics that are getting sampled for particle
measurement have to come from the same bulk as the
particles applied in the ecotoxicologial experiment [45].
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In order to account for potential heterogeneity in the
bulk, it is recommended to take several subsamples and
to check their measurement errors (Outlier detection in
subsamples). For particle size distributions of microplas-
tics, it was shown that the relative standard deviation of
the particle counts within a size interval can even exceed
100% [42]. ISO 14488:2007 recommends to take at least
ten subsamples by scooping, which are pooled after step
5, which is quality control and quality assurance [51].
Note that these subsamples should all have approxi-
mately the same weight [51].

Subsampling methods should also aim to de-agglom-
erate microplastics, because the measurement of single
particles is a prerequisite for an accurate characteriza-
tion [52]. Although several methods have been developed
for de-agglomeration, e.g., ultrasonification, none of
them permanently change the conditions under which
agglomerates formed during storage. Thus, after a cer-
tain time, the particles will re-agglomerate. Agglomera-
tion can only be minimized to a very small degree. One
method is to drastically reduce the sample mass, which
decreases the rate at which microplastics agglomerate
when they are sprinkled on the microscope slide [53].
The sprinkling itself ought to be optimized by passing the
scooped microplastics through a sieve with meshes that
are slightly larger than the largest particle [54]. Hereby
the number of touching and overlapping microplastics is
further minimized. Noteworthy, the extent of agglomera-
tion cannot be determined quantitatively. That is because
even for trained operators, it is almost impossible to dis-
tinguish larger microplastics from agglomerates with a
microscope [45]. Instead, the extent of agglomeration
can be estimated by comparing particle size distributions
obtained by different measurement techniques [45].

Minimum number of particles
Given the polydispersity of microplastics [38, 55],
agglomeration, the drawbacks of subsampling methods,
and other factors, an accurate characterization requires
the measurement of a very large number of microplastics.

For a static image analysis, one crucial factor is the
particle orientation, as this is random [56]. When micro-
plastics are sprinkled on top of a microscope slide, they
typically attain the most stable particle orientation.
However, especially for irregular particles, many differ-
ent stable particle orientations exist. Therefore, even if
all microplastics have the same size and shape, measur-
ing that size and shape will not result in one but several
different values [57]. In order to estimate the true value
for an individual particle as accurately as possible, a large
number of microplastics need to be measured.

To compromise between the aimed accuracy and the
effort to obtain this, a minimum number of particles
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must be determined as part of the sample prepara-
tion. Recommendations range from 100—14,000 parti-
cles for the measurement of size [55, 58]. This is much
higher than the recommendations for an accurate poly-
mer identification of environmental microplastics, i.e.,
125 microplastics in the size fraction>100 pm [47].
Unlike plastic types, which are comprised of only a few
tens of polymers, size and shape are wide-ranging con-
tinua [35].

Consequently, the width of their distributions strongly
influences the minimum number of particles [52]. Gen-
erally, the broader the particle size distribution, the
larger the proportion of the bulk that needs to be meas-
ured to reach a given accuracy, especially for the upper
tail, where counts are low [52]. Very broad particle size
distributions were reported for both environmental [35,
59, 60] and milled microplastics [44]. Therefore, it is
best to orientate oneself towards the upper range of the
recommendations.

However, this cannot be generalized. It is advisable to
determine the minimum number of particles for each
particle collective individually. For this, various methods
have been developed.

According to ISO 13322-1:2014, the minimum num-
ber of particles is the one at which the mean particle size
can be measured with a certain accuracy given a specified
probability [52]. For instance, the size of 10,000 micro-
plastics needs to be measured to have a relative standard
deviation of 1% [38].

The value stabilization method tests at which number
of particles the mean or the standard deviation stabilizes
[40]. Usually, the mean stabilizes faster than the standard
deviation [55]. This method can be applied for distribu-
tions of either size or shape.

Another methods is based on the Chi-square goodness
of fit test [58]. Here, the distribution from an increment
of the data on size or shape is fitted to the distribution of
the whole sample. If this is successful for two increments
in a row, the second of these increments is set to be the
minimum number of particles. This figure is often con-
siderably smaller than for other methods.

The selection of an appropriate method is mainly influ-
enced by which statistical property is to be controlled,
i.e., accuracy, mean and standard deviation, or the overall
distribution. All methods require either experience from
former studies or a pilot. If no information on the particle
characteristic of interest can be derived beforehand, as a
rule of thumb, at least 300 environmental microplastics
and 10,000 milled microplastics should be measured [55].
However, more studies should be conducted to establish
such general recommendations.

As not all particles can be accepted for particle
measurement, the number of measured microplastics
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should always exceed the minimum number of micro-
plastics [52].

Contamination

Subsamples of microplastics, which are designated for
particle measurement, have to be protected from con-
tamination through any other particulate source [51].
Consequently, all instruments ought to be cleaned prior
to usage and the sample holders should be covered
throughout the subsequent image acquisition [45]. To
minimize the contamination by airborne microplastics,
counter actions need to be implemented in each part of
the sample preparation [46, 61-64].

Measuring points

For microplastics, the state of dispersion depends on the
conditions in the respective environment [45]. For exam-
ple, aggregates are formed when microplastics are intro-
duced into aqueous solutions [65]. This indicates that the
distributions of size and shape may be fundamentally dis-
similar at different stages of a study.

Hence, in an ecotoxicological experiment samples
shall be taken at four measuring points [45]: i) after pro-
duction of microplastics, ii) during exposure, iii) when
microplastics were ingested by the organisms, and iv)
post mortem or at the end of the experiment, depending
on the response (Fig. 2).

It is particularly important to characterize the distribu-
tions during exposure. Firstly, this is because the greatest
alterations in dispersion are to be expected at this stage.
Secondly, this stage determines which proportion of the
microplastics are bioavailable [66]. However, measur-
ing microplastics during exposure is challenging, espe-
cially in complex matrices, e.g., soil. In particular, static
image analysis is inapplicable during exposure [45]. Par-
ticle characterization in vivo and post mortem is best
done qualitatively by microscopic analysis [45]. To better
visualize microplastics in vivo, they can be labeled by the
fluorescent dye Nile red [67—-69]. With this method, how-
ever, there exists a large set of analytical challenges. For
instance, as Nile red can leach out, it might be mistaken
with microplastics in animal tissue [70].

The state of dispersion needs to be considered in moni-
toring studies, too. Here, the extraction of microplastics
is a complex procedure, where a large variety of salt solu-
tions and enzymes are used [63, 71]. Thus, it is very likely
that particle measurements at the end of this procedure
may not resemble the distributions of size and shape
in situ.

We therefore stimulate the development of novel meth-
ods that can facilitate particle measurements directly in
the environmental matrix. As long as no such method
is available, it should always be considered that the
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Fig. 2 Measuring points at which microplastics should be measured in an effect study. After production, the measurability is very high,

but the ecotoxicologial relevance of the data on size and shape is little. Note that the same criticism applies to particle measurements

of microplastics that have been extracted from environmental matrices. During exposure, the state of dispersion might change and, consequently,
bioavailability. Unfortunately, no methods are available for particle measurements at this important stage. In vivo and post mortem, microplastics
can be characterized at least qualitatevily via light microscopy. Created with biorender.com

measured distributions of size and shape might be dis-
similar from those during exposure, in situ, and in vivo.

Step 2: image acquisition

For the measurement of the microplastics in the sam-
ples, a light microscope is used to acquire digital images
(Fig. 1).

To take high-quality images, calibration, microscope
settings, and image storage need to be taken into account
(Table 5). Especially, magnification, illumination, and
focus must be the same before and after image acquisi-
tion [52]. All microscope settings must be carefully docu-
mented in order to guarantee reproducibility [72]. Note
that our recommendations for adequate microscope set-
tings might be also relevant for the visual identification of

environmental microplastics, were particles smaller than
50 um cannot be identified so far [73].

Yet it requires not only high-quality images, but it is
also necessary to image a sufficient number of fields of
view to achieve the minimum number of particles.

Calibration
Trough calibration, a scale is gotten for the conversion of
pixels into physical size units. It is best done by imaging
a certified graticule with the same microscope settings
(magnification, illumination) as will be employed for the
particle measurement [52]. To detect possible distor-
tions, both the x and y plane should be calibrated [52].
On the image of the certified graticule, a specified
length is measured ten times at different positions [74].
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Ultimately, the scale is reported as the average of these
ten measurements. In addition, this method makes it not
only possible to estimate the measurement error via the
relative standard deviation, but also to detect spherical
abberations of the lens [43].

Magnification

The magnification is chosen according to the small-
est plastic particle in the sample [52]. A proper choice
assures that the pre-defined measurement accuracy can
be reached for all microplastics and that every particle is
detected by the camera [75, 76].

Theoretically, the whole size range of microplastics
can be measured via light microscopy, as the theoretical
detection limit of this method is 0.2 pm. However, it is
often not possible to image particles smaller than 0.8 um
under realistic conditions [40]. In practice, it has also
been evident that microplastics smaller than 3 pm should
not be measured with a light microscope [38]. Below that
size, the accuracy of the particle measurement is very
low, because a diffraction halo around the microplastics
occurs. This leads to an overestimation of size and also
to an inaccurate measurement of shape (c.f. Equation (3).

In order to accurately measure all microplastics, a rule
of thumb says that the smallest particle of interest ought
to be represented by at least five to ten pixels. This typi-
cally requires a very high magnification.

Certainly, if the field of view is comparatively small,
highly magnifying a particle collective can result in a low
sensitivity for large microplastics [77]. To overcome this
drawback, large montages of several small images should
be acquired with a motorized stage.

Hllumination

lumination has an influence on which is the small-
est measurable size and also on the contrast. In general,
Kohler illumination should always be employed to assure
a uniform illumination over the whole field of view.

The type of illumination should be chosen based
on the smallest size of interest and the particle shape.
Reflected light should be utilized for microplastics
larger than 5 pm, while a light microscope operated in
transmission mode with monochromatic light is to be
preferred for the measurement of microplastics smaller
than 3 pm [40]. For pellets, it was recommended to uti-
lize either top light or light that comes from 45° from
the top light position [78].

The contrast should be maximized by adjusting the
light intensity optimally [52]. Because if the light intensity
is too high, a poor contrast will be the result [43]. Con-
versely, if it is too low, this will lead to troublesome dif-
fraction at the edges of microplastics [43]. The optimum
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approach would be to exploit the entire dynamic range,
whereby clipping must be avoided [79].

Depth of focus
One of the major drawbacks of static image analysis is the
shallow depth of focus of light microscopes [40].

This is especially noticeable at high magnifications.
Here, only a small part of the microplastics are in focus.
For a given magnification, the maximum range of sharply
displayable particles is of factor 30 [43]. As particle size
distributions of microplastics are usually very broad, this
means that especially larger particles are out of focus.

To overcome this issue, images should be acquired as
Z-stacks, because this method allows to achieve any
desired depth of focus [80].

Image storage

The bit depth of an image determines the amount of
information a computer algorithm gets for digital image
processing [81]. Generally, the higher the bit depth, the
better. Images should be at least stored as 8-bit grey scale
images, while the optimum would be to have 32-bit RGB
color images. However, higher bit depths come with the
downfall of higher memory requirements and, conse-
quently, much longer computation times. As a compro-
mise, microplastics should be measured on 16-bit grey
scale images [79].

Digital images ought to be stored as uncompressed
files in the Tagged Image File Format (TIFF). Note that
any kind of compression can reduce the resolution of the
image, resulting in an undesirable deterioration of meas-
urement accuracy [52]. Images in the format of the Joint
Photographic Experts Group (JPEG) are inadequate for
particle measurements as well, since the underlying com-
puter algorithm alters the intensity and arrangement of
pixels [79, 82].

Number of field of views

How many field of views should be imaged, depends on
the pre-set mininum number of particles. The number
of field of views can be easily estimated by counting the
microplastics in the first images of the measurement
series. Here, a buffer should be taken into account, since
not all microplastics can be measured inside a field of
view ([52], c.f. Measurement frames). The number of
microplastics per field of view should be between 5 to 50,
as this minimizes the extent of overlapping particles [43].

Step 3: digital image processing

Light microscopy was used to acquire images of the
microplastics to be measured. These digital images
are, technically speaking, an array of quadratic pixels.
An intensity is assigned to each of them based on the
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lightness of the sample at the corresponding location.
For instance, in an 8-bit grey scale image, these intensi-
ties range from 0—255 [81]. Thus, digital images are data
and should be treated as such [82]. This data can be uti-
lized for the measurement of microplastics, but therefore
the projection of microplastics first needs to be separated
from the background (Fig. 1).

For the purpose of this separation, digital image pro-
cessing offers a variety of computer algorithms, which
are subdivided into grey image processing, segmentation,
and binary image processing [52] (Table 5). Importantly,
the whole separation procedure must not introduce any
extra error [52]. Of course, that is best achieved by mini-
mizing the processing of digital images itself, which in
turn requires high-quality microscope images [43]. For
segmentation, we will empirically show how different
computer algorithms affect the results of particle meas-
urements. As a consequence, a detailed documentation
of the applied computer algorithms and the belonging
software is essential [36, 83].

Grey image processing

As image acquisition is imperfect to some extent, it
may be necessary to correct some properties of a digital
image. Firstly, they need to be converted to 8-bit, since
most computer algorithms for correction have been
developed for this bit depth. Since 8-bit images display
only a grey scale, this part of the procedure is called
grey image processing. Most often, the intensities are to
be smoothed and the contrast between the background
and microplastics has to be maximized. Ultimately, grey
image processing serves to simplify the segmentation,
but it may also bias the particle measurements [55].

Smoothing

Smoothing aims to eliminate slight differences in the
intensities of neighboring background pixels. Filters
are typically applied when point noise is present in the
image, whereas background subtraction corrects for une-
ven illumination [79].

Filters cancel noise by recalculating the intensity of a
given pixel based on the intensity of its neighbors [84].
Their number is specified by the size of the filter matrix.
The larger the filter matrix, the larger the extent of
change in a pixel [81]. If the filter matrix is too large, very
small microplastics or thin fibers may be inadvertently
removed from the gray scale image [79]. A large variety
of filters have been developed, of which we will briefly
introduce the most popular ones here. Gaussian filters
are frequently applied to smooth an image, but can shift
or distort the edges of microplastics [79]. The mean filter
replaces the intensity of a pixel with the average inten-
sity of the neighboring pixels [84]. A disadvantage of this
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computer algorithm is that one outlier can greatly affect
the outcome. In addition, a mean filter tends to blur the
edges of microplastics, a result that lowers the accuracy
of particle shape measurements. A more robust alterna-
tive is the median filter, that has been designed to remove
point noise in the digital image. However, this type of fil-
ter rounds corners, which is again problematic in particle
shape measurements [79]. Thus, filters, just like all other
computer algorithms in digital image processing, should
be employed with caution. Generally, we advocate to
avoid the application of filters [82]. To reduce noise, the
image acquisition should be optimized instead. If this is
not enough, a filter can be used as an exceptional solu-
tion. Certainly, the type of filter and the size of its matrix
ought to be chosen very carefully.

The background should be subtracted in the advent of
an uneven illumination [79]. This artifact occurs even
with very high quality light microscopes, because detec-
tors are always imperfect and even the best illumination
can slightly change during image acquisition, too. To
properly perform background subtraction, an image of
the background is first required. It has to be taken from
the exactly same viewpoint and with an identical illumi-
nation as the images utilized for the particle measure-
ment [84]. In practice, an image of the background can
be easily obtained by removing the sample holder. Alter-
natively, the background can also be estimated by poly-
nomial functions that, e.g., resemble a rolling ball or a
sliding paraboloid [85, 86].

Contrast

Smoothing of an image alters its pixel intensities and,
thus, can lower the intensity differences between micro-
plastics and the background [79]. This can be reversed by
altering the contrast, which is defined as the difference
between the minimal and maximum intensity [81].

By multiplying the intensity of every pixel by a given
factor, the histogram gets broader and, consequently,
the contrast increases [81]. For instance, a factor of 1.5
results in a 50% increase of the contrast. Importantly, the
contrast must be altered by the same factor in the whole
image [87].

As a first iteration, contrast can be altered by applying
a modified auto contrast function [81]. In a nutshell, the
pixels having the most extreme intensities are set to the
theoretical minimum and maximum intensity. Then, all
other intensities are linearly stretched over this range of
values. If necessary, the user can further adjust the con-
trast to ease segmentation.

Segmentation
The objective of a segmentation is to separate microplas-
tics from the background. It is considered to be the most
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difficult task in digital image processing [84]. Therefore, a
large number of different computer algorithms have been
developed for segmentation.

Particularly, edge detection and global automatic
thresholding have been found to be suitable methods
in the context of particle measurement [52]. However,
edge detection results in incompletely closed edges of
microplastics, which necessitates exhaustive post-pro-
cessing [52].

Accordingly, we will focus solely on global automatic
thresholding. This set of computer algorithms utilize the
distribution of the intensities or other image properties
to seek for an optimal cut-off [81]. At this value, pixels are
binarized into 0 and 1. Ideally, this binarization separates
microplastics from the background. In order to achieve
an ideal outcome, global automatic thresholding requires
images with a high signal-to-noise ratio, which is typi-
cally the case for microplastics [36].

For global automatic thresholding, a bunch of com-
puter algorithms exist. In Image], for example, 17 dif-
ferent algorithms for global automatic thresholding are
implemented [85]. Simple algorithms determine the
threshold via statistical parameters such as the mean [88]
or the mode [84]. Another approach is to assume that a
certain proportion of the pixels in the image represents
the microplastics [89]. However, all of these algorithms
only perform properly if the intensities follow a certain
distribution [84]. For instance, an accurate threshold can
only be determined by the mode if the intensities have a
bimodal distribution. Therefore, other algorithms deter-
mine the threshold independently of the distribution
[81]. Of these, the popular algorithm by Otsu performs
well for many different kinds of digital images [90]. But
new algorithms are also still under development [91].

Hence, it is often unclear which of the different com-
puter algorithms performs best for a particular image.
To support the user in this difficult decision, computer
algorithms for global automatic thresholding can be com-
pared qualitatively and quantitatively [91]. This is done in
relation to a reference point, which is chosen to be the
outermost pixel of a plastic particle. While such a choice
introduces a slight operator bias, it also helps to optimize
the segmentation for the needs of the subsequent binary
image processing as well as the particle measurement
itself.

Whatever computer algorithm is chosen for global
automatic thresholding, special care must be taken
to appropriately segment the microplastics. Other-
wise, either over- or under-segmentation will lead to
a notable bias in particle measurements [43]. This bias
is a function of size, with smaller microplastics being
more affected by an inappropriate segmentation [52].
To illustrate the extent of this bias, we here compare
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the particle size distributions obtained by two different
computer algorithms. These were implemented either
in FIJI Image] [92, 93] or the software of a microscope
manufacturer (c.f. Supplementary Information for
details).

For the two plastic types, i.e., LDPE and PBAT/PLA,
differences in the maximum Feret’s diameter were
found to be between 16 pm and 8 pum, corresponding
to a deviation of 23% and 10% with respect to the value
measured by FIJI Image] (Table 1). With this software, a
higher particle count was also observed.

Therefore, the automatically performed segmentation
of the two softwares was examined by comparing the
binarized images with the original images (Fig. 3). From
this check, it was found that the computer algorithms
implemented in the software by the microscope manu-
facturer mainly did not segment smaller microplastics.
As a result, the median particle size was much higher
in this case. This illustrates that the choice of computer
algorithm can have a considerable impact on segmen-
tation and, consequently, on the accuracy of particle
measurements.

Furthermore, unfavorable image properties can also
impact the segmentation. In particular, global auto-
matic thresholding performs poor when the back-
ground is unevenly illuminated or non-uniform [84].
While uneven illumination can be easily corrected by
background subtraction, a non-uniform background
is only to be rectified by an optimization of the image
acquisition. If this is not feasible, then it might be pos-
sible to determine an appropriate threshold by more
complex computer algorithms. An overview of these
[94] as well as technical details on specific ones, e.g.,
clustering [95] and convolutional neural networks [96],
can be found elsewhere.

Binary image processing
Once the segmentation has separated microplastics
from the background, it is sometimes necessary to

Table 1 Comparison of the particle sizes measured either by FlI
Image)J or the software by a microscope manufacturer. Dy, is the
median of the particle size distribution, /QR is the interquartile
range, and n the number of microplastics that have been
accepted for particle measurement

Plastic type Software Dso[um] IQR[um] n

LDPE Microscope manufacturer 86 61 23,085
LDPE FlI'lmage) 70 57 27456
PBAT/PLA Microscope manufacturer 89 47 25,791
PBAT/PLA FlJl Image) 81 39 26,443
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Fig. 3 Comparison of segmenting microplastics and background with different softwares. A Global automatic thresholding was applied to binarize
the image with the software by a microscope manufacturer. The original image was overlaid with the binary image. Measured microplastics are
displayed in red with a turquoise edge. The red boxes mark small particles that were not detected by the computer algorithm. B Binary image
obtained by global automatic thresholding using the Otsu's computer algorithm in FUI ImageJ [90]. Microplastics are shown in white. The red boxes
mark the same small particles as in the left image, but in this case they were measured by the computer algorithms

further process the binary images. Even with the best
sample preparation, touching microplastics are a large
source of bias in static image analysis and, thus, they
should be separated prior to particle measurement [52].

The separation of touching microplastics is done by
morphological filters, i.e., dilation and erosion [43, 81].
Dilation changes white pixels to black, if these white
pixels are adjacent to black ones. On the contrary, ero-
sion changes black pixels to white, if these black pixels
are adjacent to white ones. In the case where the pro-
jection of microplastics is represented by white pixels,
this means that dilation enlarges the particle, while ero-
sion leads to a shrinkage. Consequently, both computer
algorithms change the size and shape of microplastics
[79]. To restore the original size of a plastic particle,
the two algorithms are to be combined. Here, opening
is the sequence of an erosion followed by a dilation.
This allows the separation of touching microplastics.
Despite opening, the watershed transformation is also
a frequently applied computer algorithm for the separa-
tion of touching microplastics [84]. Importantly, classi-
cal watershed algorithms were specifically designed for
spherical particles [97]. Thus, they are inappropriate for
the separation of most microplastics, since the majority
of these particles are either fibers or irregularly shaped
[98]. Recently, watershed transformation was also
developed for irregular microplastics [97]. However,
both opening and watershed transformation require
to choose the optimal settings manually, which makes

these computer algorithms inconvenient for automa-
tion and high-throughput analysis.

Although the separation of touching microplas-
tics is technically possible, it should nevertheless be
applied with great caution. That is because there is a
high chance to decrease the accuracy of particle meas-
urements, especially for irregular microplastics [52].
Hence, ISO 13322-1:2014 recommends to separate
only spherical particles and reject all other touching
particles from the measurement [52]. However, this
recommendation is rather unpractical, as even trained
operators can hardly differentiate between two touch-
ing microplastics of irregular shape and one large sized
plastic particle [45]. Instead, we suggest to reduce the
extent of agglomeration in the particle collective as
much as possible and to pass the separation of touching
microplastics by binary image processing [53, 54].

Dilation and erosion can also be used to fill holes
[79]. These holes can be introduced to the projection of
microplastics if there are, e.g., reflections on the surface
of pellets or transparent particles [55]. Without correc-
tion, the projection area and, consequently, size and
shape would be biased. This can be easily prevented by
filling holes.

The particle size measurement of fibers can also be per-
formed through a special variant of erosion called skel-
etonization [36]. Here, pixels at the edge of microplastics
are removed so long until this would cause the particle
to be separated into two parts [79]. The length of the
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midline then characterizes the size of fibers (c.f. Geodesic
length and width).

Step 4: measurement

Digital processing of the acquired images is now fol-
lowed by the particle measurement of the microplastics
(Fig. 1). First, however, some type of measurement frame
is inserted into the image to be certain that only micro-
plastics with an entire two-dimensional projection are
characterized. Subsequently, a multitude of size metrics
and shape descriptors can be measured for each micro-
plastic individually.

Measurement frames

In a static image analysis, only those microplastics must
be measured whose two-dimensional projection repre-
sents the entire particle realistically. Accordingly, micro-
plastics that are cut off by the margins of the image shall
be omitted. Therefore, in practice, one of three different
measurement frames is placed inside the field of view
([52], Fig. 4).

With the first type, just those microplastics are char-
acterized whose centroid lies within the measurement
frame (Fig. 4A).

In the case of the second variant, a measurement is
carried out only when the two-dimensional projection
of a microplastic touches the right or upper margin
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of the measurement frame (Fig. 4B). On the contrary,
all particles touching the left or bottom margin of the
measurment will be excluded. Relevantly, there has to
be sufficient space between the field of view and the
measurement frame. Otherwise it could happen that a
plastic particle, which should be measured, is cut off at
the image margins and, consequently, this would bias
results [52].

Apart from this, the main disadvantage of the two
previous types is that microplastics can just be meas-
ured in a small part of the field of view. For this reason,
many more images have to be acquired to reach the
minimum number of particles, which is both laborious
and time-consuming.

To avoid such an additional effort, instead of separate
measurement frames, it is more convenient to have the
third type, which is neglecting all microplastics whose
two-dimensional projection touches any margin of
the measurement frame (Fig. 4C). Here, the measure-
ment frame can be as large as the field of view itself,
as it is impossible that a plastic particle is erroneously
accepted for characterization in more than one meas-
urement frame. However, this type has to consider that
the probability of cut-off from the margins is inversely
proportional to the particle size and therefore the raw
counts need to be corrected ([52], c.f. Particle size
distributions).

Particle centroid inside the
measurement frame

AN

Particles at the left and upper
margin of the measurement frame

~/

Separated measurement frames

Particles touching the image
margins

AN J
N

Neighboring measurement frames

Fig. 4 The three different types of measurement frames loosely based on ISO 13322-1:2014 [52]. Principally, the location of a plastic particle

inside a measurement frames defines whether it is measured. The margin of the measurement frame is represented by dark blue, while the margin
of the field of view is colored in light blue. Microplastics that are going to be measured are orange, whereas excluded plastic particles are red.

A Only microplastics whose centroid lies inside the measurement frame are considered for particle size and shape measurement. B All particles
touching the right and upper image margins are measured, whereas microplastics at the left and bottom are ignored. For both, A and B,

the measurement frames are separated. C In the third type, the measurement frames are neighboring, since each measurement frame is as large
as the respective field of view. Microplastics that are cut off by the margins are all excluded from particle measurement, which makes it of necessity

to correct the raw counts. Created with biorender.com



Schnepf et al. Microplastics and Nanoplastics (2023) 3:16

Step 4a: particle size measurement

Intuitively, the size of particles is characterized by their
diameter. But this size metric can only be measured for
microplastics that have a regular geometry, such as pel-
lets, films and unknotted fibers [56]. For irregular micro-
plastics, however, the characterization of size varies
depending on the measurement method [31].

In the case of static image analysis, the primary size
metrics include the projection area of microplastics as
well as statistical diameters [52]. From these primary
metrics, the area equivalent sphere diameters can be
derived. We will now introduce a multitude of statistical
diameters, equivalent diameters, and size metrics specifi-
cally for fibers, plus provide reasoning for the selection of
one of these metrics to routinely characterize the size of
microplastics.

Statistical diameters

On digital images, microplastics are represented by their
two-dimensional projection, whose size is a function of
particle orientation [40]. That is, even for monodisperse

A
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Martin’s diameter xu

c
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XA = dCircIe

Area equivalent diameter x,
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particles, their size will distribute around a central value.
Therefore, this kind of size metrics are so-called statisti-
cal diameters. Although they are named so, they are no
diameter in the strict sense. Even for some regular geom-
etries, they do not have the same figure as the diameter.

Statistical diameters are measured by setting a ref-
erence point. Depending on which reference point is
selected, the result of the particle size measurement is
different. For microplastics, Martin’s diameter and Feret’s
diameter have been reported so far [33].

For Martin’s diameter, x,,, the reference point is set
such that the particle is divided into two halves of equal
projection area [40]. Here, the chord length is measured
(Fig. 5A).

With Feret’s diameter, x5, one sets any two parallel tan-
gents along the edges of microplastics as a reference point
[52]. This approach is similar to the caliper measurement
of a real-world particle. Many distinct variants of Feret’s
diameter can be obtained for an individual microplas-
tic particle (Fig. 5B). The minimum and the maximum
Feret’s diameter are part of the primary particle size

XF, min

‘\
XF, max
XF, max90

Feret’s diameter x:

D

XoL

Xew

Geodesic lines Xxg

Fig. 5 An overview of the different metrics for characterizing the particle size of microplastics. A The Martin's diameter, x,, is the length of the chord
that intersects the projection area into two equally large parts. B For Feret's diameter, d, a multitude of different types can be defined, e.g,,

the minimum and maximum Feret's diameter, X¢,,;, and Xg ., Additionally, the largest axis perpendicular to these two size metrics is frequently
measured as a Feret's diameter (Xg,,i,00 aNd Xg ,4400)- The figures of A Martin’s diameter and B Feret’s diameter are a function of particle orientation
and, consequently, distribute around a central value. That is why they are called statistical diameters. C The area equivalent sphere diameter, x,,

is the diameter of a sphere with the same area as the particle under consideration. In the same way an area equivalent square diameter can be
measured (not shown). All of the aforementioned size metrics have different figures for a given particle. D However, when measuring the size

of fibers, they are inappropriate. Instead, the geodesic length, x,;, and width, x,, should be measured by skeletonizing the two-dimensional
projection of microplastics. Overall, the selection of the size metric depends on the research question. Created with biorender.com
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measurements [52]. Whereas the minimum Feret’s diam-
eter, xg,,,, characterizes the breadth of microplastics,
the maximum Feret’s diameter, xg,,,., is the length of a
particle [43]. Length can be alternatively assessed by the
largest axis measured at angle of 90 degrees to the the
minimum Feret’s diameter, xg,,;,q9 [43]. In accordance
with this, another frequently measured Feret’s diameter
is the largest axis perpendicular to the maximum Feret’s
diameter, xg,,, .00 Rosal has proposed to calculate the
mean of several Feret’s diameters to improve the charac-
terization of particle size for irregular microplastics [33].
However, this calculation must not be done if fibers are
present in the particle collective, as mean diameters have
no physical meaning for fibers [31].

Note that Feret’s diameter tends to be larger than
Martin’s diameter and the area equivalent sphere diam-
eter [40]. All statistical diameters are generally larger
than Stokes diameters, another equivalent sphere
diameter [40].

Equivalent diameters

The size of microplastics can also be characterized via the
diameter of a simple geometry, e.g., a sphere or a square,
which has equivalent properties in relation to a given
principle [43]. Considering static image analysis, this
principle is the two-dimensional projection area. Thus,
the area equivalent sphere diameter, x4, is defined as the
diameter of a sphere with an area equal to the projection
area of the plastic particle ([52], Fig. 5C). Its calculation is
as follows:

Ay (1)

T

XA =

with A, being the projection area of the particle. As the
projection area of microplastics is always been measured
in the most stable particle orientation, there is also only
one area equivalent sphere diameter for a given particle
[43]. This is fundamentally different with statistical diam-
eters, where a large number of values can be obtained.
In addition, the area equivalent sphere diameter can be
typically measured with greater precision than statistical
diameters [43].

From Equation (1) it is possible to directly or indi-
rectly derive other equivalent sphere diameters. The
volume equivalent sphere diameter is the diameter of
a sphere having the same volume as the plastic particle
[43]. From the volume equivalent sphere diameter, both
Stoke’s diameter and the aerodynamic diameter can then
be derived, which are relevant for fate models of micro-
plastics in aquatic environments and the atmosphere,
respectively [33]. However, the calculation of these three
equivalent diameters is based on moderate or even con-
troversial assumptions [33].
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Besides the area, yet another image-based principle
is the perimeter and, thus, the size of microplastics can
be characterized via a sphere with the same perimeter
as the particle. This size metric is termed the perimeter
equivalent sphere diameter, x,. Note that the perim-
eter is always more prone to digitization errors than the
area (c.f. The influence of computer algorithms on shape
measurements) and that is why the perimeter equivalent
sphere diameter is not a very robust size metric.

Typically, the area equivalent sphere diameter is the
largest of all the equivalent sphere diameters [43].

Despite equivalent diameters that uses the sphere as a
reference, other geometries can also be utilized as a ref-
erence. For instance, the area equivalent square diam-
eter has recently been used to characterize the size of
macroplastics [99], but this can also be transferred to
microplastics.

xs = /Ap

In this equation, A, is the projection area of the par-
ticle. The major advantage of the area equivalent square

diameter is that its calculation is very easy.

Geodesic length and width
The size metrics introduced so far can basically be taken
for microplastics of all shape categories. However, they
do not adequately characterize the size of fibers [100].
For this type of shape, the geodesic length, x;;, and
width, x4y, should be measured instead ([100], Fig. 5D).
The geodesic length can be obtained by skeletonizing
the two-dimensional projection area of microplastics [36,
101]. This algorithm removes pixels starting from the
particles’ edge until only the mid-line is left. The num-
ber of mid-line pixels from one end to the other is then
measured, resulting in the geodesic length. For branched
or knotted fibers, the longest length must be found by
avoiding any loops. Geodesic width can be character-
ized either as the minimum, maximum, or mean distance
from the mid-line to the edge of the particle [79].

Selection of a size metric

A size metric must be selected for every particle meas-
urement. The selection should be made based on two cri-
teria [43]: Firstly, high-quality data has to be obtained by
a simple measurement. Secondly, the size metric should
best reflect the properties of interest.

For microplastics, an obvious property is the maximum
length, because this defines whether a particle is a micro-
plastic [3, 4]. Hence, it is reasonable to select the maxi-
mum Feret’s diameter for the characterization of particle
size. Its measurement is also rather simple [40] and there-
fore the maximum Feret’s diameter is implemented in
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many softwares. Additionally, a high comparability across
studies is guaranteed due to frequent reporting in the
past [36].

However, a case can be made for other metrics, too.
For example, from an ecotoxicological point of view, the
minimum Feret’s diameter is of importance, as this deter-
mines whether an organism can ingest microplastics with
its mouth [66].

If a very high accuracy is wished for a particle meas-
urement, then either the area equivalent sphere diame-
ter or the area equivalent square diameter are the most
appropriate selection. These size metrics can generally
be assessed with a higher accuracy than all of the statisti-
cal diameters [43]. This is because the two-dimensional
projection area is composed of far more pixels than a
straight line, and thus imaging and processing errors bias
the measurement to a lesser extent.

A special case are fibers, which is not only the most
abundant shape category of environmental microplas-
tics [98], but they also behave quiet different than other
particles [33]. Hence, a special analysis of fibers seems
to be expedient, which implies the need for a metric that
characterizes the size of fibers as accurately as possible,
i.e., geodesic length and the maximum geodesic width.
Again, the latter is selected by reason that the maximum
width is determining whether a species can ingest a par-
ticular fiber [66].

However, if different and, thus, incomparable size met-
rics are measured for the multitude of shape categories,
this will likely hinder the application of a unified risk
assessment [102]. For this objective, a stable compromise
has to be reached. We propose to report the maximum
Feret’s diameter by default, regardless of the shape cat-
egory. On the one hand, the maximum Feret’s diameter
best reflects the way microplastics are defined. On the
other hand, for some shape categories, e.g., fibers and
films, the size of some particles won’t be characterized
accurately.

All together, the selection of a representative metric
for particle size is not straightforward and ultimately
depends on the research question in mind. Of course,
this applies not only to each individual study, but also
to reviews and meta-analyses that build on these stud-
ies. Therefore, it is absolutely advisable to determine a
large number of size metrics, even if only one of them is
reported (c.f. Step 6: data reporting). The other size met-
rics should then be made available in the form of open
data so that other researchers can select the one that
most closely fits their research question [29, 32].

Step 4b: particle shape measurement
The objective of particle shape measurements is to quan-
tify all relevant dimensions of particle shape. For natural
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sediments, four dimensions have to be characterized,
i.e., irregularity, roundness, sphericity, and form [29].
Irregularity refers to the extent of a particles deviation
from a regular body [103]. It is the result of convexities
and concavities. Roundness describes the sharpness of
particle edges. Sphericity is the degree of similarity to a
sphere. Lastly, form is the relationship between the three
main axes. Form, unlike the other dimensions, cannot be
measured directly by static image analysis of two-dimen-
sional projections.

Unfortunately, none of these dimensions exclusively
characterizes how much microplastics are stretched out
[79, 103]. But the extent of elongation is relevant for the
identification of fibers in particle collectives. Thus, in
the context of plastic particles, we suggest to character-
ize shape by the four dimensions of natural sediments
together with elongation.

For microplastics, all of these dimensions can best be
quantified by shape descriptors [36]. As these are partly
named the same as one of the dimensions of particle
shape, we italized the name of all shape descriptors.

We are going to provide harmonized equations and
interpretations of frequently reported shape descriptors.
Subsequently, hierarchical agglomerative clustering is
performed to select shape descriptors for characterizing
the particle shape of microplastics. Then, we discuss the
strong influence of computer algorithms on the accuracy
of particle shape measurements.

Shape descriptors

Shape descriptors are defined as size-independent,
dimensionless ratios

li

Sivj = E

(2)

where any shape descriptor §; ; is a function of two differ-
ent measures, /; and /, of length or length squared [79].
From Equation (2), ten thousands of shape descriptors
can be derived, of which about 100 are currently uti-
lized to characterize particle shape [57]. But even with
these shape descriptors in use, there is no standardized
nomenclature. For this reason, sometimes the same name
is assigned to two or more shape descriptors, which,
however, are calculated completely differently.

In order to prevent such ambiguities, it is first necessary
to set a profile of requirements. According to Crompton,
this includes the following three criteria [104]:

+ Sensitivity: a shape descriptor must adapt its value to
real changes in some aspect of particle shape.

+ Intuitivity: the interpretation of their values must be
logical and coherent.
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+ Normalization: the values of a shape descriptor must
be between zero and one for easier comparability
between studies.

Sensitivity was already proven for microplastics in
an experiment with six different plastic types that were
treated with mild corrosive chemicals [105]. However, an
intuitive interpretation of normalized shape descriptors
is usually not yet assured in the case of microplastics. To
meet these two criteria, we will now derive equations and
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interpretations for commonly reported shape descriptors
based on the three criteria.

Form factor

Form factor measures the deviation from a perfect sphere
by taking into account the smoothness of the perimeter
[100].

4 Ap
FF = 3
P12> )

Form factor = 0,90
Sphericity =0,99
Roundness = 0,98
Solidity =0,99
Elongation = 0,01

D

Form factor= 0,78
Sphericity =0,84
Roundness = 0,64
Solidity =1,00
Elongation = 0,00

G

Form factor=0,15
Sphericity = 0,60
Roundness = 0,43
Solidity =0,56
Elongation =0,09

S

Form factor= 0,11
Sphericity =0,87
Roundness =0,74
Solidity =0,76
Elongation =0,02

E

Form factor= 0,86
Sphericity =0,88
Roundness =0,76
Solidity =1,00
Elongation =0,00

H

Form factor=0,10
Sphericity =0,34
Roundness =0,15
Solidity =0,56
Elongation =0,69

Form factor= 0,32
Sphericity =0,38
Roundness =0,15
Solidity =0,98
Elongation =0,85

Form factor= 0,36
Sphericity =0,38
Roundness =0,19
Solidity =1,00
Elongation =0,71

Form factor= 0,01
Sphericity =0,33
Roundness =0,01
Solidity =0,03
Elongation =0,56

Fig. 6 Values of different shape descriptors for two-dimensional projections of microplastics and some common geometries, i.e, A a spherical
particle, B a spherical particle with rough edges, C an ellipse, D a quadratic film, E a quadratic film with rounded edges, F a rectangular film, G
an irregular particle, H a stretched particle with rough edges, and I a microfiber
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where A, is the area of the particle and p, its perimeter.
Values close to one refer to an almost perfect spherical
particle (Fig. 6A). On the contrary, the form factor for
rough microplastics is almost zero (Fig. 6B, G, and H).

If the root is taken from Equation (3), one gets the cir-
cularity of a particle [100]. This popular shape descriptor
has also been used to characterize the shape of micro-
plastics. It can be calculated as follows:

47 Ap
0= D) (4)
Pp

However, we prefer the reporting of form factor,
because this shape descriptor is important for quality
control of particle shape measurements [106].

Sphericity

Sphericity measures the deviation of microplastics from a
perfect sphere by assessing how fully filled out a particle
is [79, 107].

P=,/—

. (5)
where r; is the radius of inscribed circle and r, the radius
of the circumscribed circle. Sphericity has values close
to one for spherical particles (Fig. 6A). For microplastics

with large edges, the sphericity is much smaller than one
(Fig. 6G and H).

Roundness
Roundness is yet another shape descriptor to characterize
the deviation from a perfect sphere [79].

4A
R=——"— ©)

T - XF max

where A, is the area of the particle, and x,,,, its maxi-
mum Feret’s diameter. For roundness, a value close to
one have been found if microlastics have a sphere-like
appearance ([100], Fig. 6A). Unlike form factor and sphe-
ricity, the roundness is different for spheres and rec-
tangular particles. For those shapes, the roundness has

intermediate values (Fig. 6D and E).

Solidity
Solidity acts as a measure of particle concavity and is sen-
sitive to changes of the roughness of particle edges [100].

A
g = 2P
AcnH

7)

where A is the area of the particle and A the area of
the convex hull. In a nutshell, a convex hull could be
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imagined as a rubber band that is twisted around the par-
ticle edges.

Values close to one are measured for microplastics with
solid edges (Fig. 6A, C, D, and F). In contrast, the higher
the roughness of the particles edges, the closer solidity is
to zero (Fig. 6B, G, and H).

Elongation
Elongation is a measure of the aspect ratio [33]. It can be
calculated as follows:

E=1-RAR (8)

with RAR being the reciprocal aspect ratio, which is:

1
RAR = —
iR )
Here, AR is the aspect ratio:
AR = ! (10)
b

where [ is a measure of particle length and b is a measure
of particle breadth. Importantly, not a statistical diameter
but the geodesic length and width should be utilized to
calculate the aspect ratio of very elongated objects like
fibers [55, 100].

Values close to one can be found for fibers, while a
value close to zero is typical for spherical microplastics
(Fig. 6A and I). Elongation cannot be used to distinguish
between smooth and rough particle edges (Fig. 6F and
H).

Both the reciprocal aspect ratio and the aspect ratio
are frequently reported shape descriptors, too [103,
106]. However, they do not comply with the require-
ment profile by Crompton [104]. Interpreting the recip-
rocal aspect ratio is not intuitive, because a value of one
would be determined for spheres and not for microfibers.
Aspect ratio is not normalized because its values range
from 1—o0, with the former being measured for spheri-
cal microplastics and the latter for fibers. Therefore,
reporting reciprocal aspect ratio and aspect ratio is not
recommended.

Finally, it must be mentioned that none of the shape
descriptors we derived here is capable of characterizing
all four dimensions of particle shape. This disadvantage
can be eliminated by combining several shape descriptors
in one equation [108]. However, this method has been
criticized because two microplastics with completely
different particle shapes can have the same value [109].
Noteworthy, the same criticism also applies to the afore-
mentioned shape descriptors. Thus, these metrics can-
not be employed to reconstruct the particle shape [109].
On the one hand, to characterize all four dimensions of



Schnepf et al. Microplastics and Nanoplastics (2023) 3:16

particle shape, reporting multiple shape descriptors is
required. On the other hand, it necessitates the selection
of non-redundant shape descriptors.

Selection of shape descriptors

To select such a non-redundant subset from the multi-
tude of shape descriptors, we have applied a previously
proposed method that combines hierarchical agglom-
erative clustering and correlation analysis [109]. Here,
redundant shape descriptors are first classified into
clusters. Within the cluster, the shape descriptor with
the highest average correlation coefficient is selected as
the representative (c.f. Supplementary Information for
details).

The dendrogram showed two branches with a total
of three clusters (Fig. 7). The first cluster consisted of
the modification ratio (Equation S(4)), form factor, and
roundness (Fig. 7). On average, all of these three shape
descriptors exhibited a strong positive correlation, with
roundness being the representative of the first clus-
ter (Table 2). The second cluster was comprised of R
factor (Equation S(3)), convexity (Equation S(2)), and
solidity (Fig. 7). From these three, solidity was the one
with the highest average Pearson’s r (Table 2). The third
cluster was made of sphericity, reciprocal aspect ratio,
and compactness (Equation S(1)), Fig. 7). Note that the
reciprocal aspect ratio is only a placeholder for elonga-
tion, since the latter does not fulfill the requirements for
the cluster analysis (c.f. Supplementary Information for
details). Although compactness exhibited the highest
correlation coefficient on average (Table 2), we none-
theless argue against compactness as the representative
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for this cluster. Compactness and roundness are both
sensitive for deviations of a particles’ similarity to a
sphere [100]. As it would be redundant to select both,
compactness and roundness, we argue for the reciprocal
aspect ratio and, thus, elongation as the representative
of the last cluster.

Strikingly, shape descriptors can be selected independ-
ent of plastic type and particle size. In dendrograms,
which showed the entire size range for each plastic type
individually, the clusters were overall very consistent
between different plastic types (Fig. S1). The same was
observed for different size classes (Fig. S2). In addition, it
must be emphasized that different fusion algorithms also
had no influence on the clustering (Fig. S3).

The three selected shape descriptors are capable to
characterize most of the dimensions of particle shape.
Roundness is a measure of sphericity, whereas solidity can
be utilized as an approximation of irregularity. Indeed,
elongation is a metric that describes elongation. Note
that none of the analyzed shape descriptors character-
izes roundness. This is due to the fact that, even in the
age of digital image processing, measurements of round-
ness are not trivial due to the ambiguous definitions of
particle edges [103]. Consequently, so far no common
software offers computer algorithms for the calculation
of shape descriptors that has been proposed for the char-
acterization of roundness. These kind of shape descrip-
tors are reviewed elsewhere [103]. Although form cannot
be directly assessed from two-dimensional projections,
Coreys shape factor can be indirectly calculated by esti-
mating the height of microplastics. This can be done by
multiplying the width-to-length ratio by the width [102].
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Shape descriptors

Fig. 7 Dendrogram for the clusters of nine different shape descriptors. The height represents the squared Eucledian distance between individual
shape descriptors or clusters, which were formed by hierarchical agglomerative clustering using the centroid fusion algorithm. The
color-highlighted shape descriptors are the best representative for the cluster. a.u.: arbitrary unit. C: compactness. F: R factor. FF: form factor. M:
modification ratio. P: sphericity. R: roundnenss. RAR: reciprocal aspect ratio. S: solidity. X: convexity
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Table 2 Average Pearson’s r for each shape descriptor in the respective cluster. The best representatives have been determined by the

highest mean correlation coefficient and were highlighted by color

Cluster Shape descriptor Mean Pearson’s r
1 Modification ratio 0.866
Form factor 0.834
Roundness 0.868
2 0.615
R factor 0.419
Convexity 0.473
3 Compactness 0.870
Sphericity 0.820
Reciprocal aspect ratio 0.821

We are convinced that the default use of the selected
shape descriptors will contribute to the much needed
harmonization of particle measurements of microplas-
tics. One limitation of our statistical analysis is that the
selection of the three shape descriptors from this par-
ticular particle collective could hardly be generalized to
all microplastics. However, they are at least meaningful
for microplastics that are getting produced by milling,
as they seem to share some common features [44]. For
any other kind of particle collectives, e.g., environmental
microplasitcs, the selection of shape descriptors should
be performed separately by employing the method that
was applied in this review [109].

To assure a high comparability between studies, report-
ing open data on the main axes as well as the area and
the perimeter of both, the plastic particle and its convex
hull, should become the new gold standard [29, 32]. This
would enable other researchers to calculate the shape

descriptors that characterizes their microplastics the
best.

Transforming shape descriptors into shape categories

Shape descriptors can be used to classify an individual
microplastic particle into one of the shape categories [4,
105]. This method does not only eliminate the observer
bias but also enables the development of novel shape
categories [105]. A rough classification already exists
based on form factor: Here, values between 0.0 and 0.3
were measured for films, while values between 0.3 and
0.6 have been found for irregular particles [110]. Values
between 0.6 to 1.0 were reported for spherical particles
[110]. Fibers can be distinguished from other particle
shapes by aspect ratio (> 3) or elongation (>0.66) [111]. In
addition, microfibers can be distinguished from lines and
filaments by rectangularity (Eq. (5), [105]). Irregular par-
ticles and films are differentiated by convexity (Equation
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S(2)), whereas pellets can be identified by compactness
and roundness.

Although we advocate for a quantitative characteri-
zation of shape, reporting shape categories is helpful
in some cases, for instance, regulatory interventions
and potential source identification. This highlights that
a comprehensive particle measurement facilitates the
answer to a wide variety of scientific questions at once.

The influence of computer algorithms on shape
measurements

While the calculation of the three selected shape descrip-
tors is mathematically trivial, the accurate measure-
ment of the projection area and especially the perimeter,
among other things, is highly dependent on the imple-
mentation of robust computer algorithms [79].

The simplest computer algorithm to measure the pro-
jection area of microplastics is to count its number of
pixels [79]. Likewise, the perimeter is determined by
counting the number of sides on the outer margin of
pixels.

However, this computer algorithm is prone to digi-
tization errors, as quiet different particle shapes, e.g.,
a square and a sphere, have the same perimeter, which
is obviously incorrect [79]. If such a poor algorithm is
applied to measure the perimeter, the value of the form
factor, and to a lesser extent, roundness and aspect ratio,
becomes size-dependent even for a perfect sphere [79].

For instance, there is evidence that the “Analyze par-
ticles” command in Image] calculates several shape
descriptors incorrectly [106]. This finding is of concern,
as the “Analyze particles” command was implemented in
software engineered for the identification of environmen-
tal microplastics by Nile red staining [86, 110]. A robust
alternative is the “Particles8” command of the Morphol-
ogy plugin [106, 112], which is based on the Freeman
algorithm.

With this algorithm, the pixels’ center points are get-
ting connected via a line, whose length is equal to the
perimeter [113]. The projection area can be measured
in a similar manner by measuring the area inside the
encompassed projection [113]. Note that this algorithm
will result in a smaller area than if pixels are simply
counted.

For the calculation of shape descriptors, the afore-
mentioned computer algorithms are often intermixed.
Typically, the perimeter is measured by the Freeman
algorithm, whereas the area is measured by counting the
pixels of the projection [79]. In addition, the application
of these computer algorithms have not been not harmo-
nized yet. Especially for very small microplastics, this is
problematic, because the value of a shape descriptor is a
function of the computer algorithm [100, 106, 114].
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That is, calculating the selected shape descriptors
by solely using Egs. (6), (7), and (8) is not sufficient to
guarantee a comparable reporting of microplastics
shape. Where possible, the very same computer algo-
rithms should be applied to calculate shape descriptors.
If this is not possible, the algorithm and the software
has to be documented in detail (c.f. Step 3: digital image
processing).

In summary, both digitization errors and other errors
can potentially worsen the data quality of a particle
measurement. It is therefore imperative to be able to
take appropriate countermeasures by implementing
quality control and quality assurance.

Step 5: quality control and quality assurance
Once the particle measurement of microplastics is
completed, it is good laboratory practice to subject the
data to quality control and quality assurance (Fig. 1).
This step includes a statistical test for potential out-
liers in the subsamples, the subtraction of background
contamination in the form of dust particles, which have
mistakenly entered the microplastic subsamples, the
exclusion of microplastics smaller than the practical
detection limit of light microscopes, and a validation of
the particle shape measurement (Table 5).

Outlier detection in subsamples

Microplastics have to be randomly distributed so that
particles in all size intervals can be measured with the
same accuracy. However, to achieve this type of mix-
ture, the sampling strategy must be implemented cor-
rectly. Otherwise, segregation may bias the median
particle size of a subsample, making it an outlier that
needs to be detected and replaced.

Outliers can be easily detected by means of null
hypothesis significance testing [43]. Several tests have
been developed for outlier detection, of which Grubbs’s
test and Dixon’s Q test are suitable in the context of
particle measurements. Both tests examine whether
either the maximum or the minimum of the sub-
samples’ Dy, values are an outlier. Note that Grubbs’s
should not be applied in cases where less than six sub-
samples were measured [115]. Here, Dixon’s Q test
serves as a robust alternative. Each of these statistical
tests should always be accompanied by diagnostic plots,
i.e., histograms and boxplots, to ensure that all outliers
have been detected.

If one or more outliers were detected, the particle
measurement of the affected subsamples has to be opti-
mized and repeated, followed by yet another check for
potential outliers.
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Subtracting background contamination

Fine dust from the laboratory environment is a well-
documented source of background contamination in
microplastic samples [64]. It can substantially bias the
lower tail of particle size distributions [42]. Richter and
co-workers found that frequencies of microplastics
smaller than 50 um were overestimated by 200—300 par-
ticles, whereas size classes larger than 50 pm were less
affected by background contamination [42]. Thus, actions
are needed to determine the extent of background
contamination.

As already called for by other researchers, we recom-
mend to always implement procedural blanks in the
workflow, so that the number of non-plastic particles can
be estimated via FTIR or Raman spectroscopy. Then, this
background contamination can be subtracted from the
frequency of microplastics in a given size interval [42].

Such a correction does not only assure an accurate
determination of particle size distributions, but also
raises the data quality of a static image analysis to the
same level as that of the gold-standard, which is laser dif-
fraction [42].

Excluding microplastics smaller than the practical detection
limit
Light microscopes can capture images of microplas-
tics down to a size of 1 um. However, measurements on
such small microplastics are only accurate if they are
represented by a sufficient number of pixels in a digital
image. So what is the practical detection limit of particle
measurements?

Theoretically, the lowest uncalibrated size of micro-
plastics on a digital image is one pixel [52]. Of course,
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the lower the number of pixels, the higher the uncer-
tainty of the measurement, especially for shape descrip-
tors [106].

Thus, the practical detection limit for an accurate par-
ticle size measurement by light microscopy is 3 um [38,
40], whereas microplastics should have a size larger than
10 pum for the calculation of shape descriptors [43].

Ergo, microplastics smaller than these practical
detection limits have to be excluded to assure an accu-
rate particle measurement.

Validation of particle shape measurements

In addition to the image resolution, digitization errors
caused by segmentation or the computer algorithms
used to calculate the shape descriptors influence the
accuracy of the particle shape measurement [100].
Hence, the data on shape descriptors needs to be vali-
dated prior to reporting.

For this, Kroner & Doménech Carbd [106] proposed a
new method that checks whether the measured elonga-
tion is outside the theoretical range of values for a given
value of either sphericity or form factor (our Equation 3,
their circularity; Fig. 8). If the measured elongation is
inside the theoretical value range, the particle shape
measurement of the respective microplastic was valid.
On the contrary, if the measured elongation falls out-
side the theoretical value range, the shape descriptors
are considered to be invalid.

Microplastics with invalid shape descriptors have to
be excluded. Their proportion should be given in the
data report (Table 3), which is the final step of the par-
ticle measurement.
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Fig. 8 Sphericity-Elongation plots with the solid line representing the maximum elongation for a given sphericity [106]. A For this example,

the values of all shape descriptors were in the theoretical range and, thus, the particle shape measurement was considered to be valid. B Contrary
to the former example, here, the shape descriptors of many microplastics had values outside the theoretical range. Consequently, the particle shape
measurement was invalid. To overcome this issue, a more robust computer algorithm should be applied for the determination of shape descriptors.

If this does not solve the issue, the image acquisition has to be optimized
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Table 3 Items needed for a test report according to ISO 13322-

1:2014 [52]

Item Example

Sample preparation scooping

Number of subsamples 10

Nominal weigth of subsamples 0.1mg

Image size 1920 1080 pixels
Image resolution 0.44 pixels/um
Imaging system (hardware & KEYENCE VHX 7000

software)

Type of measurement frame fully separated measurement

frames with microplastics excluded
at the image margins

Number of measurement frames 200
Total number of accepted particles 10,000

Step 6: data reporting

The final step of a microplastic particle characterization
is to report the measured data in a comprehensive and
harmonized format (Fig. 1). The report should comprise
a detailed test report [52] as well as particle size distri-
butions [116], frequency density distributions of the
selected shape descriptors [100], and summary statistics
of both, microplastics’ size and shape [117] (Table 5).

Test report

A detailed test report is required for each particle meas-
urement, which is exemplified in Table 3 [52]. In addi-
tion, the reporting guidelines for image acquisition and
digital image processing should be considered [72, 83].
It is also important to inform the reader on the selection
of the size and shape metrics used to characterize the
microplastics and the reasoning for this.

Particle size distributions

Particle size distributions show the frequency of micro-
plastics in a given size interval [116]. They have to be
accompanied by a representative micrograph of the
microplastic particle collective [52].

If particle size distributions are visualized as histo-
grams, there is no general rule for determining the width
and the number of size intervals. Generally, the width of
size intervals can be either fixed or variable [118]. While
fixed size intervals have been reported in the major-
ity of studies, variable size intervals are to be preferred
if low particle counts were found at the upper tail of the
distribution.

For histograms made of size intervals with a fixed
width, one of the oldest and also most frequently
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applied rules is the formula by Sturges’ [119]. It assumes
that the data approximately follows a normal distribu-
tion, though this is almost never the case with particle
size distributions. Accordingly, Sturges’ rule should not
be applied to assess the number of size intervals. A fur-
ther development of Sturge’s method is Doane’s rule
[120], which shows good performance also for non-
normal distributions. However, this approach tends to
oversmooth particle size distributions [118], because of
the large sample sizes that are necessary for an accu-
rate particle measurement. Therefore, Doane’s rule
should be applied with caution. More stringent rules do
not estimate the number of size intervals directly, but
rather their width. These type of rules are based on a
spread parameter of the particle size distribution. The
standard deviation is used by Scott’s rule [121], whereas
the Freedman-Diaconis’ rule calculates the width of the
size intervals based on the interquartile range [122].
Note that the latter is more robust to extreme values
originating from aggregation. Freedman-Diaconis’ cal-
culates the width of a size interval, w, as follows:

_ 2IQR
- (11)

with IQR being the interquartile range, and #n the sample
size. If the particle size distributions are heavily skewed,
then the t-distribution can be used to calculate correction
factors for the Freedman-Diaconis’ rule [121]. Unfortu-
nately, this correction factor has not been implemented
in common statistical software so far. Summing up, the
number of size intervals of microplastic particle size dis-
tributions with a fixed width can be best estimated by
using the Freedman-Diaconis’ rule after correction for
skewness.

For particle size distributions with size intervals hav-
ing a variable width, Olson recently derivated a rule for
the number of size intervals [118]. Here, the width of
the size intervals increases steadily. This means that the
size intervals covering small microplastic sizes are less
wide than those in the range of large particles. based on
a binning constant, c;:

1.960

< ——+1 12
xmax«/ﬁ (12)

with o being the standard deviation, «x,,,, the maximum
particle size, and, n the sample size. With this binning
constant, the number of size intervals, k, can be deter-

mined like this:

In Kmax
Kmin

lncb

k = (13)
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where x,,, and x,,,. are the minimum and maximum
particle size. Importantly, the x,,;, should be 10% smaller
than the minimum size, whereas x,,,, should be 10%
larger than the maximum particle size x,,,,. This ensures
that the resulting size intervals cover the whole size
range. If variable widths are used to construct the size
intervals, it is mandatory to normalize frequencies by
dividing them with the width of the size interval [31].

The two formalized rules recommended here can
give a first estimate of a suitable number of size inter-
vals. However, care should be taken by researchers to
avoid common mistakes in defining the number of size
intervals, e.g. oversmoothing [122]. That is, that a con-
tinuous distribution turns into a discrete one, a phe-
nomenon that occurs especially in case of histograms
with size intervals having a fixed width. Overall, then,
the decision on the number of size intervals is a com-
promise between the desired level of detail and the
resolution of the imaging system, the size range, and
the width of the particle size distribution, making it a
somewhat subjective decision [43].

Care must be taken when histograms are smoothed to
curves. The underlying algorithms do not improve the
information a given size interval contains in a meaning-
ful manner [43].

What should be avoided at all costs is that too few
size intervals are getting reported. Unfortunately, this
is often the case microplastics research. For instance,
Reinhardt et al. has found that for soil microplastics
86% of all monitoring studies only reported a mean
number of four size intervals [60], rendering them
ineligible for probabilistic risk modeling [32]. For this,
the minimum number of size intervals has to be ten
[35]. However, this is still very little, as most defini-
tions consider microplastics to encompass a size range
of 1—5000 pm. Thus, scientists have been called on to
choose a much higher number of size intervals [32].
However, even then, the information on the size dis-
tribution within the size intervals gets lost, but is also
relevant for risk assessment [102]. Thus, open data on
individual particles should be reported.

Besides their number, two other methodological
aspects have to be considered for size intervals. First, we
would like to emphasize that it is meaningless to report
open size intervals at either one of the tails of a particle
size distribution (e.g.<100 pm or>1 mm) [31]. Second,
closed size intervals should always be right opened [52].
That is, a size interval should contain all microplastics
with a size equal to or larger than the lower size limit,
and smaller than the upper limit.

Once the number of size intervals has been determined,
the frequency of microplastics in each of the size inter-
vals can be calculated. However, calculating unbiased and
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comparable frequencies is not trivial, as raw frequencies
must first be corrected and then normalized [31, 52].
Raw frequency need a correction, because the raw
counts itself are almost always biased, if these were
obtained by means of static image analysis [52]. When
using this method, microplastics that are located on the
margins of a measurement frame have to be excluded
from particle measurement (c.f. Measurement frames).
However, the probability for this exclusion is a function
of size: The larger the microplastics, the higher the prob-
ability for an exclusion. From this, it also follows logically
that the smaller the measurement frame or the higher the
frequencies, the larger the potential bias. To correct raw
frequencies of microplastics in a given class, a correc-
tion factor is first applied to the raw counts of individual
microplastics, resulting in their corrected counts, c, [52]:

Ximg,hXimg,v

(ximg,h - xF,h) (ximg,v - xF,v)

Cc=c¢r (14)

with

=1 (15)

being the raw count for an individual microplastic parti-
cle having a horizontal Feret’s diameter of x;;, and a ver-
tical Feret xp, located inside a measurement frame with
a horizontal size of x;,,, and a vertical size of x,,,,. The
corrected counts of all microplastics in a given size inter-
val are summed up to obtain the corrected frequency in
that interval.

Corrected frequencies have to be normalized for com-
parability, too. For this, they are simply divided by the
width of the size interval, which results in a corrected
frequency density [31]. Lastly, these corrected frequency
densities are used to construct the histogram.

The axes of the histogram can be visualized either on a
linear or a logarithmic scale, depending on the properties
of the particle size distribution itself. A logarithmic ordi-
nate should be used whenever corrected frequency densi-
ties span several orders of magnitude and only a very low
number of particles in the upper size range are present
in the sample. Alternatively, size intervals with variable
widths can be used to construct the histogram according
to Equation (13). Whether the abscissa of a particle size
distribution is visualized on a linear or logarithmic scale,
depends on its width [43]. It can be classified based on
the ratio of Dy, and D, which is the 90th and 10th per-
centile, respectively (Table 4). If the particle size distribu-
tion of is very narrow or narrow, its histogram should be
shown on a linear scale. In cases where the particle size
distribution has a medium to very wide width, a loga-
rithmic representation is favored for the abscissa of the
histogram.
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Complementary to a histogram, particle size can visu-
alized via a cumulative distribution [116]. From this,
frequently reported percentiles of particle size distribu-
tions can be easily derived, e.g., D;,, D5, and Dy, (Table 4,
Summary statistics). It is also common practice to com-
bine the histogram of the corrected frequency density
distribution with the cumulative distribution in one
graph [43].

Despite methodological questions regarding the con-
struction of a particle size distribution, they are to be
reported for each plastic type, each sample site, and each
time point separately [102, 123].

Frequency density distributions of shape descriptors

As with particle size, the frequency of shape descrip-
tors depends on the raw counts in a fixed interval, from
which either cumulative distributions or a histogram
can be constructed [100]. For histograms, most of the
methodological guidelines for particle size distribu-
tions must be also considered as for shape. To deter-
mine how many intervals should be used, the formulas
from Equation (11), and (13) can be used on the one
hand. On the other hand, a width of 0.1 has been shown
to be practical for binning data on shape descriptors
[124, 125], resulting in 10 intervals for the selected
shape descriptors. Raw frequencies must be normalized
with the width of the respective interval to ensure com-
parability of frequency density distributions between
studies [31].

If the size and shape of microplastics are correlated, it
may be more informative to visualize shape descriptors
as a function of particle size, e.g., as a scatter plot or 2D
and 3D density distributions [100, 126].

Table 4 Classification scheme for the width of particle size
distributions [43]. It is based on Dgy/D;, which is the ratio of
the 90th and 10th percentile of the particle size distribution.
A linear visualization should be preferred for very narrow to
narrow particle size distributions, whereas it is advisable to use a
logarithmic scale for particle size distributions with a medium to
very wide width

Width of particle size distribution Dgo/Dsg
Monodisperse < 1.02 (ideally 1.0)
Very narrow 1.02—1.05
Narrow 1.05—15
Medium 1.5—4

Wide 4-10

Very wide >10
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Summary statistics
In addition to distributions, descriptive statistics have
to be reported to summarize the data on size and shape.

This can be the parameters of a model, i.e., probabil-
ity density distributions, which was fitted to the data on
particle characteristics [35, 43, 102, 127].

However, most often, a location and spread param-
eter is calculated for each of the two particle character-
istics [117].

As most particle size distributions are heavily left
skewed, the mean is not a meaningful location parame-
ter, because it underestimates the central tendency [43].
Instead, mode and median ought to be calculated [43].
In the context of particle measurements, the median is
also called Dy, While it is standard to specify Dg, for
grain size distributions of natural sediments, it has only
rarely been reported for microplastics [29].

The spread of the particle size distributions can be
assessed by different statistics [40]. The simplest of
these statistics is the range from the maximum to the
minimum size. However, this statistic is not robust,
since a single agglomerate can easily affect the maxi-
mum size. More robust statistics are the inter-quartile
range, IQR, and the inter-percentile range between D,
and Dy, whic are the 90th and 10the percentile, respec-
tively. From these, the Dyy/D,, ratio can also be derived.
It is necessary to determine the width of the particle
size distribution ([43], Table 4). But the most significant
value to characterize the dispersion of microplastics
are the standard deviation and the geometric standard
deviation [40]. The latter should be reported for log-
normal distributed particle sizes, which are typically
found for milled microplastics [43].

Summary statistics for shape descriptors comprise
either the mean or the median, depending on the skew-
ness of the frequency density distribution. Accordingly,
either the standard deviation or the interquartile range
should be assessed for the spread.

Conclusions

Measuring the size and shape is not straightforward, but
comprehensive and comparable data on these charac-
teristics is essential for the evaluation of the ecological
impact of microplastics. To avoid methodological pit-
falls in the coming future, we have compiled a practical
primer for each of the six steps of a particle measurement
(Table 5).

Particularly, we elucidated that the multidimensional-
ity of microplastics can only be characterized using a
multitude of metrics, the selection of which depends
on the research question. Therefore, reporting of open
data on individual microplastics is a must-have [32].
This open data should at least contain the primary
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Table 5 Overview of the recommendations for each step of an image-based particle measurement. The time estimates per sample
are exemplarily given for around 10,000 microplastics that are used in effect studies. In general, the higher the degree of automation,

the faster the method

Step Time estimate per sample

Aspect

Recommendation

1: Sample preparation Few hours®

2: Image acquisition Th-1day?

3. Digital image processing Few seconds (computer vision) — 30 min

[128]

4. Measurement Few seconds (computer vision) [128] -
few minutes®

Subsampling

Minimum number of particles

Contamination

De-agglomeration

Measuring points

Calibration

Magnification

lllumination

Depth of focus
Image storage
Number of field of views

Smoothing

Contrast

Segmentation

Separation of touching particles

Measurement frames

Particle size measurement

Particle shape measurement

Computer algorithms

Take ten subsamples of equal weight
from the homogenized bulk

300 for environmental microplastics
and 10,000 for microplastics that are used
in effect studies

Clean instruments and sample holders.
Use procedural blanks and avoid plastics.
Work with a laminar flow box and cover
samples

Sprinkle a small amount of microplastics
through a sieve with a mesh size slightly
larger than the largest particle

With effect studies, measure after pro-
duction, in vivo, and post mortem.

For environmental microplastics, measure
the filter

Calibrate the light microscope by measur-
ing a given distance ten times at different
locations on a certified graticule

The magnification should be set
so that the smallest particle is represented
by at least five to ten pixels in a montage

Always use Kohler illumination.
Choose the type of illumination based
on the microplastics in the sample

Use Z-stacks to maximize the depth
of focus

16-bit grey scale images stored as uncom-
pressed.tiff files with all relevant metadata

Multiply the minimum number of parti-
cles by 5 to 50 particles per field of view

Cancel noise by filters. Use them very
carefully. Correct uneven illumination
a digital image of the empty background

Use auto contrast functions in the whole
digital image

Choose an adequate computer algorithm
for global automatic thresholding

by qualitative and quantitative compari-
sons

Avoid the usage of computer algorithms.
Better de-agglomerate the subsamples

The choice generally depends

on the automation of the stage. Neigh-
boring measurement frames can be
processed the easiest

Choose a size metric based

on the research objective. As a com-
promise, report the maximum Feret’s
diameter and open data

Calculate roundness, solidity, and elonga-
tion and provide open data

Measure the perimeter with the Freeman
algorithm. Measuring the projection area
is done by counting pixels
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Table 5 (continued)
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Aspect

Recommendation

Step Time estimate per sample
5. Quality control and 1 -2 days?

quality assurance

6. Data reporting Few hours?

Outlier detection in subsamples

Background contamination

Excluding of small microplastics

Validation of particle shape

Test report

Particle size distribution

Summary statistics

Apply Grubb’'s test/Dixon’s Q to test
whether the extreme values of the sub-
samples are outliers

Use procedural blanks to estimate
the number of non-plastic particles
by spectroscopy

Remove all microplastics <3 um
from the data analysis

Use a Sphericity-Elongation diagram
to detect microplastics with a combina-
tion outside the theoretical range

Write a test report according to I1SO
13322-1:2014

Draw a normalized histogram with cor-
rected counts. Choose the type

of visualization (linear/logarithmic) based
on the width of the distribution. Alterna-
tively, report a cumulative distribution

Distributions of shape descriptors  Apply the same recommendations

as for particle size distributions. Use a size
interval of 0.1

Report the median and the (geometric)
standard deviation

@ based on our own experience with 10,000 milled microplastics [124, 125]

particle size measurements, i.e., the maximum Feret’s
diameter and area, but also perimeter, particle width,
and shape descriptors. Reporting these shape descrip-
tors would facilitate addressing many objectives in
microplastic research, including theory testing (e.g.,
shape dissimilarity and shape meditation hypothesis by
Rillig and co-workers [37]), fate modelling, risk assess-
ment [26], automatic identification of environmental
microplastics [101, 129], effect studies, and the repro-
ducibility of microplastic production by milling. Using
particle characteristics to control the quality of a mill-
ing in order to produce the same microplastics over and
over again becomes especially necessary in the wake
of an emerging replication crisis in the environmental
sciences [130]. This may also concern microplastics
research, making it necessary to critically scrutinize
and re-perform previous effect studies with the similar
microplastics as the original study.

Not all effects can be related to the size and shape
of microplastics [25]. Therefore, other particle charac-
teristics of microplastics need to be considered in risk
assessment, too [26]. But even if all of these particle
characteristics are routinely measured in the future,
many problems with the measurement of microplastics
are still unresolved.

First of all, there is the issue of how all of these parti-
cle characteristics can be measured under realistic con-
ditions. Suitable methods for particle measurements in
environmental matrices have yet to be developed.

Another development, which is of demand for a the
comprehensive characterization, are methods for the
3D particle measurement of microplastics [33]. Such a
method would allow to directly measure the third prin-
cipal axis. With this dimension, form could be charac-
terized [29], shapes could be categorized based on 3D
shape descriptors [33], and the particle volume could
be assessed, which is a prerequisite for studying the fate
of microplastics [33] and to convert number concentra-
tions into mass concentrations and vice versa [131].

However, even the best measurement methods have
to be validated. For this purpose, reference materials
are needed that have the same size, shape, and optical
properties as the microplastics to be characterized [52].
Unfortunately, no such reference materials are available
at the moment. In their development, a comprehensive
particle characterization should be conducted so that
measurement methods can be validated.

Furthermore, the computer algorithms to measure
the area and perimeter of microplastics must be harmo-
nized. Thus, existing software specifically designed for
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the identification of microplastics, e.g., MP-VAT or MP-
ACT [110], TUM-ParticleTyper [132], and siMPle [133],
should implement the Freeman algorithm for the meas-
urement of area and perimeter.

Computer vision may solve many other problems in
the context of particle measurement. Not only does
it drastically reduce the processing and measurement
times (Table 5), but computer vision also outperforms
traditional computer algorithms, which leads to a con-
siderable increase of the accuracy [128]. In addition,
microplastics could be easily classified based on particle
characteristics [128, 134], which would enable distinct
measurements based on different shapes [101]. Although
computer vision is a promising tool, more work needs
to be done to uncover its full capabilities in microplastic
research.

Despite the large number of unsolved problems, by
using our practical primer, a robust particle measure-
ment is already possible with the aforementioned trade-
offs. A comprehensive characterization should be the
standard for any kind of study on microplastics.

Abbreviations

Acy Area of the convex hull of a particle

Ap Projection area of a particle

AR Aspect ratio

b Any measure of particle breadth

[ Binning constant for histograms with size intervals having a vari-
able width

. Corrected counts of microplastics within a specific size interval

c, Raw counts of microplastics within a specific size interval

Do The 10th percentile of a cumulative distribution

Ds The 50th percentile (median) of a cumulative distribution

Dgo The 90th percentile of a cumulative distribution

Dgo/D;y  Ratio to determine the width of a particle size distribution

E Elongation

FF Form factor

FTIR Fourier transform infrared spectroscopy

IOR Interquartile range

JPEG Joint Photographs Exerpt Group

The number of size intervals of a histogram according to Olson’s
rule

/ Any measure of particle length

LDPE Low-density polyethylene

I; Any metric of particle size

I A metric of particle size other than /;

n Sample size

o] Circularity

P Sphericity

PBAT Poly(butylene adipateco- terephthalate)
PBAT/PLA  Blend of PBAT and PLA

PLA Polylactide

PLA/PBAT  Blend of PLA and PBAT

Py Perimeter of the convex hull of a particle

Dp Perimeter of a particle

R Roundness

RAR Reciprocal aspect ratio

r Radius of the inscribed circle of a particle

I Radius of the circumscribed circle of a particle
S Solidity

Sij Any 2D shape descriptor derived from two metrics of particle size,

l;and [, or size squared
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TIFF Tagged Image File Format

Xp Area equivalent sphere diameter
Xp Feret's diameter

Xep Horizontal Feret’s diameter
Xemax Maximum Feret's diameter

The length of the largest axis perpendicular to the maximum
Feret’s diameter
Xgmin Minimum Feret’s diameter

XEmax9o

Xemingo The length of the largest axis perpendicular to the minimum
Feret's diameter

Xg, Vertical Feret's diameter

Xo1 Geodesic length of fibers

Xew Geodesic width of fibers

Ximgh Horizontal size of an image

Ximgy Vertical size of an image

Xy Martin's diameter

Xpmax The maximum size of all microplastics in a sample

Xomin The minimum size of all microplastics in a sample

Xs Area equivalent square diameter

w Width of size intervals in a histogram according to the Freedman-

Diaconis rule
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Materials & Methods - Comparison of different algorithms

We examined the influence of segmentation on particle size measurements by
using two different software, i.e., FIJI Imaged 1.53c [1, 2] and the software

provided by the manufacturer of a digital microscope (see details below).

For this, microplastics were first produced at the Institut fur Kunststofftechnik
(University of Stuttgart, Stuttgart, Germany). They were made of the following
plastic types: low-density polyethylene without any additives (LDPE; Lupolen 2420
H, LyondellBasell Industries N.V., Rotterdam, Netherlands) and a biodegradable
blend of poly(butylene adipate-co-terephthalate) (PBAT; Ecoflex@ F Blend C1200,
BASF SE, Ludwigshafen, Germany) and poly(lactic acid) (PLA; IngeoTM
Biopolymer 7001D, NatureWorks LLC, Minnetonka, MN, United States) (63.5 %
PBAT, 10 % PLA, 17 % chalk, 8 % talc, 1% adhesive, 0.5 % anti-blocking agent). The
technical data sheets for these plastics can be found below. The PBAT/PLA blend
was compounded by extrusion of PBAT and PLA pellets using a twin-screw
extruder without using any additives. Frozen pellets (liquid nitrogen, —196 °C) of
both plastic types were grinded with a speed rotor mill (Pulverisette, Fritsch
GmbH, Idar-Oberstein, Germany). The milled particles were fractionated with
stainless steel sieves to obtain the particle size fraction of < 20 ym. The prodcued

microplastics were of white color.

Then, the particle characteristics of LDPE and PBAT/PLA were measured via static
image analysis [3]. The bulk was mixed for one minute before each of the three

subsamples was taken by scooping. Microplastics were then sieved through a

2



mesh size of 100 pym into clean Petri dishes (diameter 10 cm) to reduce the extent
of touching and overlapping particles [4]. They were imaged with a digital
microscope by constructing a montage of adjacent Z-stacks (KEYENCE VHX-7000,
E20 objective, KEYENCE Deutschland GmbH, Neu-Isenburg, scales: LDPE = 0.453
pixels um™ and PBAT/PLA = 0.454 pixels um™, respectively, image size: 21146 x

21057 pixels - 21157 x 21069).

All images were stored as uncompressed tiff files and digitally processed by either

using FIJI ImagedJ 1.53c [1, 2] or the software by the microscope manufacturer.

In FIJI Imaged, microplastics were first segmented by applying the automatic
threshold operator developed by Otsu [5]. The processed images were then
inspected for erroneously segmented particles by a comparison with the original
image. Detected contaminants from the environment were excluded. Particle
characteristics were measured by using the Particles8 command (version v2.20) of

the Morphology plugin [6].

A comparable method was applied in the software by the manufacturer of the
microscope. Unfortunately, the computer algorithm for global automatic

thresholding was not verifiable in this case.

For the output of both softwares, the maximum Feret’'s diameter was used to
characterize particle size of LDPE and PBAT/PLA. This data was analysed by using
the statistical software R 4.0.3 [7], RStudio 1.3.1093 [8], plus the packages MPA
1.0.0 [9], and tidyverse 1.3.0 [10]. Artefacts and microplastics smaller than 7 pym

were excluded from further analysis [11, 12]. This lower limit of detection was
3



chosen as a deviation from one pixel would have already corresponded to an error
of approximately 33 % at the given scale. Therefore, only particles with a size of

four pixels or more were accepted.



Additional shape descriptors

Based on the profile of requirements by Crompton [13], we here introduce
equations and interpretation for shape descriptors that have not been discussed in
detail in the main text. Except for rectangularity, all of these metrics were also
considered in the selection of shape descriptors (c.f. Materials & Methods -

Selection of shape descriptors).

Compactness is a measure of sphericity and can be calculated as follows [14]:

In Equation S(1), A, is the area of the particle and xg,.. its maximum Feret’s
diameter. If microplastics have a sphere-like shape, the value of compactness is

close to one [14].

Convexity assesses the roughness of particle edges. In addition, this shape
descriptor was also used to characterize the deviation from a sphere [15]. The

following equation was derivatived for the calculation of convexity [14]:

x = Per ()
pp

Here, pcy is the perimeter of the convex hull, whereas pr is the perimeter of the
particle itself. The rougher the particle edges of microplastics, the larger their
perimeter, ps and, consequently, the lower the convexity. For spherical particles,

this shape descriptor has values close to one.

5



The R factor is a shape descriptor that is utilized for the characterization of

sphericity and is calculated as follows [6]:

szi (3)

T[xF,max

Pcy is the perimeter of the convex hull and xg ., the maximum Feret’s diameter of
the respective particle. In cases where microplastics are spherically shaped, the

R factor approaches one.

Modification ratio is a metric that characterizes both, sphericity and irregularity.

The following equation ought to be implemented for its calculation [6]:

2 T

M = 4)

xF,max

r; is the radius of inscribed circle of the particle under consideration and Xz .., the
maximum Feret’s diameter. The modification ratio approaches values close to one
for spherical particles. Furthermore, the value of the modification ratio decreases if
particle edges gets rougher. Note that this shape descriptor cannot be utilized to

differentiate between irregular and fibrous microplastics [16].

By the means of rectangularity, microfibers can be distinguished from lines and
filaments [17]. Therefore, this shape descriptor is relevant in the characterization of
microplastics, although it is not in line with the profile of requirements [13]. The
rectangularity is the product of the particle’s area, A,, and the area of the bounding

box, Az [6]:



Here, the area of the bounding box, A, is [6]:

Ag = xF,maxb (6)

The particle breadth, b, is characterized via the largest axis perpendicular to the
maximum Feret's diameter, Xx:.,..o. The rectangularity has a value of zero for
cross-like objects, 0.5 for squares, /4 = 0.79 for circles, and one for long rectangles

[6].



Materials & Methods - Selection of shape descriptors

To quantitatively report the particle shape of microplastics in a harmonized way, a

selection of non-redundant shape descriptors is required.

Shape descriptors are calculated based on particle size measurements (Equation
(2) in the main text) and, thus, redundancies are likely if the size same metrics are
used to derive the formulas for different shape descriptors. For instance,
compactness and roundness both describe the similarity to a sphere under
consideration of the overall shape with very similar formulas (see Equations S(1)
and (6) for comparison). For both shape descriptors, the area of the particle, A,
and the maximum Feret's diameter, x:,.. are used to characterize the shape of
microplastics [14]. It is likely that reporting both, roundness and compactness, will

lead to redundant information on particle shape.

Consequently, the aim of our study was to eliminate such redundancies by
applying clustering and correlation analysis to select a minimum number of shape

descriptors to quantitatively characterize all dimensions of 2D shape [18, 19].

On behalf of this, we considered data on a wide size range of microplastics made
of conventional and biodegradable plastic types: LDPE and PBAT/PLA < 20 uym
(this study), LDPE and PLA/PBAT < 50 ym [20], LDPE, PLA and PBAT/PLA in a size
range of 50 - 100 ym (this study), plus LDPE and PLA/PBAT either < 500 um or 500
- 2000 uym [21]. All microlastics were produced by cryo-milling of the same raw
material. Overall, 149,781 microplastics sized between 3 and 1960 pm were

measured. Notably, the maximum Feret's diameter as well as eleven different
8



shape descriptors (Equations (3), (5) - (8) in the main text and S(1) - S(5)) were

measured by applying the same computer algorithms [6].

Of these eleven form factors, we had to exclude two (concavity and rectangularity)
from clustering because their value for a spherical particle does not approach
one.For the same, in the selection of shape descriptors, elongation had to be
replaced by reciprocal aspect ratio ([22], Equation (9) in the main text). Note that
the we also took the square root of the sphericity from the Particles_8 command

(Equation (5)).

Usually, in cluster analysis, individuals are grouped into clusters based on some
variables. Here, we needed to turn the tables. That is, shape descriptors were the
individuals, whereas their value for each microplastic was considered as the

variable [18].

Therefore, data on all shape descriptors was first transposed and then Z-
transformed to a standardized mean of zero and a standard deviation of one [18].
This standardization corrects for different variances between shape descriptors. In
addition, a standardization was employed to assure that shape descriptors with

inherently larger values do not bias the proximity measure.

For this, the Euclidean distance was chosen since shape descriptors are metrically
scaled. Because the aim was to group the shape descriptors, hierarchical
clustering was utilized. We further used an agglomerative approach due to the fact
that this method considers all individual metrics as a single cluster in the

beginning. The centroid fusion algorithm was applied as this incorporates
9



information from all shape descriptors in a given cluster by only calculating one

between-cluster distance [18].

We hypothesized that all shape descriptors can be grouped into three clusters,
each of which representing one aspect of 2D particle shape, i.e., shpericity,

irregularity, and elongation [19, 22].

The statistical analysis was done with R version 4.2.2 (2022-10-31 ucrt) inside
RStudio [7, 8] and the packages tidyverse 1.3.2 [10], data.table 1.14.2 [23], flextable

0.7.3 [24], dendextend 1.16.0 [25], and viridis 0.6.2 [26].

Dendrograms were drawn to illustrate the clusters of shape descriptors. After
groups of shape descriptors were identified, one metric had to be chosen as the
best representative. Accordingly, Pearson’ r was calculated for each combination
of shape descriptors in a cluster [18]. Then, the average Pearson’s r was calculated
for each shape descriptor and the shape descriptor with the largest Pearson’s r

was selected as the best representative.

Noteworthy, the selection of shape descriptors could possibly be influenced by a
variety of parameters, e.g., particle size, plastic type, and the fusion algorithm.
Thus, for all of these parameters, we tested whether their consideration would

have led to a distinct selection of shape descriptors.

In case of particle size, the data was pooled into two size classes: i) 0 - 500 ym and
ii) 500 - 5000 um. These size classes were inspired by spectroscopic workflows for

the identification of environmental microplastics [27]. In particular, for

10



microplastics in the size range between 0 and 500 ym 148789 particles were
examined, whereas 992 microplastics sized between 500 - 5000 um were analyzed.
For each of the two size classes, a dendrogram was constructed. Then, they were

combined in a tanglegram for easier comparison (Fig. S1).

0-500 pm 500 - 5000 pm
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Figure 1: Tanglegram for the comparison of the shape descriptor clusters of two distinct size
intervals of microplastics. Standardized Eucledian distance (height) between individual shape
descriptors and clusters were hierarchialy agglomerated by the centroid fusion algorithm. a.u.:
arbitrary unit. C compactness. F. R factor. FF. form factor. Mt modification ratio. P. sphericity. R.

roundnenss. RAR. reciprocal aspect ratio. S. solidity. X: convexity.

Next, we examined whether different plastic types might influence the selection of

shape descriptors. Therefore, dendrograms were created for LDPE, PLA,
11



PLA/PBAT, and PBAT/PLA no matter what their size was (Fig. S2). The subsample
of LDPE consisted of 58435 with a D5, of 71 ym and a standard deviation of 88 um.
PLA had a median size of 93 ym and a standard deviation of 133 um, both being
measured for 19632 microplastics. By contrast, 16106 and 55608 partilces were
characterized for the two blends PLA/PBAT and PBAT/PLA, respectively. The
former particle collective had a Dsy of 31 um (SD: 117 uym), whereas the latter had a

Ds, of 47 ym (SD: 62 um).
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Figure 2: Dendrograms for hierarchial agglomerative clustering of shape descriptors for each
plastic type individually. (A) LDPE. (B) PLA. (C) PLA/PBAT. (D) PBAT/PLA. The height represents
standardized Eucledian distance between individual shape descriptors or clusters that were formed
by the centroid method. a.u.: arbitrary unit. C compactness. F. R factor. FF. form factor. M:
modification ratio. P. sphericity. R- roundnenss. RAR. reciprocal aspect ratio. S. solidity. X

convexity.

Finally, we tested whether other fusion algorithms could lead to a different
selection of shape descriptors. The following fusions algorithms were considered:
single linkage, complete linkage, and Ward’s method [28]. For each of these fusion

algorithms, a dendrogram was constructed (Fig. S3).

14



Ward'’s fusion algorithm Single linkage Complete linkage

1400
]
350
|
o2]
1400
]

(9]

A

1200
1
300
1
1200
]

1000
]
250
1
1000
|

800
]
200
1
800
]

Height [a.u.]

600
]
150
1
600
]

400
]
100
1
400
]

200
]
50
1
200
]

owxz= &[!ED—%OU-XU) LLII:IEU-XU)LL[ZO
o

Shape descriptors Shape descriptors Shape descriptors

Figure 3: Dendrograms for hierarchial agglomerative clustering of shape descriptors for different
fusion algorithms, i.e., (A) Ward’s fusion algorithm, (B) single linkage, and C complete linkage. The
height represents standardized Eucledian distance between individual shape descriptors or
clusters. a.u.: arbitrary unit. G compactness. F. R factor. FF. form factor. M. modification ratio. P.

sphericity. R- roundnenss. RAR: reciprocal aspect ratio. S: solidity. X: convexity.
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List of abbreviations

Ag area of the bounding box
Ay area of the convex hull of a particle

Ap projection area of a particle

b: the particle’s breadth (characterized via

perpendicular to the maximum Feret’s diameter)
C. compactness

F. R factor

LDPE: low-density polyethylene

M. modification ratio

PBAT: poly(butylene adipateco- terephthalate)
PBAT/PLA: blend of PBAT and PLA

Pcr: perimeter of the convex hull of the particle
PLA: polylactide

PLA/PBAT: blend of PLA and PBAT

pr. perimeter of a particle

r;z radius of the inscribed circle of a particle

X convexity

Xemax: Feret’s diameter

largest

measure

Xemaxoor the length of the largest axis perpendicular to the maximum Feret’s

diameter

Y: rectangularity
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